Health state valuations of patients and non-patients are not the same, whereas health state values obtained from general population samples are a weighted average of both. The latter constitutes an often-overlooked source of bias. This study investigates the resulting bias and tests for the impact of reference dependency on health state valuations using an efficient discrete choice experiment administered to a Dutch nationally representative sample of 788 respondents. A Bayesian discrete choice experiment design consisting of eight sets of 24 (matched pairwise) choice tasks was developed, with each set providing full identification of the included parameters. Mixed logit models were used to estimate health state preferences with respondents' own health included as an additional predictor. Our results indicate that respondents with impaired health worse than or equal to the health state levels under evaluation have approximately 30% smaller health state decrements. This confirms that reference dependency can be observed in general population samples and affirms the relevance of prospect theory in health state valuations. At the same time, the limited number of respondents with severe health impairments does not appear to bias social tariffs as obtained from general population samples.
actual experience with impaired health, resulting in more reliable and relevant health state valuations. On the other hand, it is argued that patients may provide biased values because of vested interests, suppressed recognition of full health, and/or lowered expectations (Menzel et al., 2002) ; additionally, public preferences are arguably more appropriate when public health care expenditures are concerned or when unbiased ex ante health state values are desired (Brazier et al., 2007) .
The latter is based on the 'veil of ignorance' argument as put forward by Gold et al. (1996) and reflects the idea that the general public neither experiences the impaired health states under evaluation nor has any certainty that it will ever require health care for particular health problems. These conditions accommodate the measurement of unbiased ex ante health state values. However, upon closer examination, the Gold et al. (1996) 'veil of ignorance' argument actually supports the use of strictly healthy respondents, which is not the same as a general population sample. Indeed, a random sample from the general population is heterogeneous and comprises many respondents with impaired health. Unlike healthy respondents, these respondents have first-hand experience with particular impaired health states and consequently a unique vantage or reference point that precludes them from valuing health states as if from behind a 'veil of ignorance. ' The discrepancy between a random sample from the general population and a sample of healthy respondents is often not explicitly recognized, and even when it is acknowledged (e.g., in a footnote in Dolan and Kahneman, 2008) , the difference is not further investigated. In this paper, we address the issue and explore the impact of using general population samples as a proxy for health state valuations within a sample of healthy respondents. First, we take into account that respondents from a random sample from the general population are likely to evaluate hypothetical health states from their own perspective, resulting in different evaluations depending on the respondents' own health state. This phenomenon, referred to as health state reference dependency, has a supporting evidence base (Bleichrodt et al., 2001; Wakker, 2010) and is solidly grounded in prospect theory. Our first aim is hence to provide empirical evidence of the existence and relevance of reference dependency (c.q. prospect theory) in health state valuations. Second, we acknowledge that health state reference dependency can result in social tariffs that are upwards biased when assumed to be derived from strictly healthy respondents. Depending on the effect size of health state reference dependency and on the fraction of respondents with impaired health states, the difference between a standard general population tariff and one that is purged from reference dependency could be substantial. Our second aim is therefore to provide an empirical estimate of the size of this difference and to determine its relevance for existing and future health state valuations.
METHODS

EQ-5D health state values
The reference dependency hypothesis is tested using discrete choice experiment (DCE) health state valuations of the EuroQol five-dimensional five-level (EQ-5D-5L) instrument, which comprises the dimensions of 'mobility', 'self-care', 'usual activities', 'pain/discomfort', and 'anxiety/depression'. EQ-5D-5L health states are defined by selecting one level from each dimension (Table I) , with 1-1-1-1-1 denoting perfect health and 5-5-5-5-5 the worst possible health state. The EQ-5D has a monotonic order in the attribute levels, implying that all levels should be valued equal to or worse than the previous level. In Figure 1 , which shows two options to present and measure health state utility values, this is reflected by either a monotonic increasing decrement relative to perfect health (option A) or consistently negative estimates that capture the differences between two levels (option B), the latter being more informative about statistical efficiency but requiring the summation of all preceding levels to obtain the overall health state decrements.
Health state preferences for the EQ-5D are derived by asking a sample of respondents to repeatedly evaluate two or more hypothetical health states and indicate which one they prefer. The observed discrete choices are then used to infer the latent preference weights that respondents use to trade off the various attribute levels of each EQ-5D health state. In the standard health state valuation model, it is assumed that respondents do not take their own health into account when valuing health states. However, in case of reference dependency, respondents' latent preference weights are allowed to depend on their own health. This can result in a value set where some of the health state decrements are mitigated (or aggravated) based on the respondents' health.
A straightforward approach to modeling health state reference dependency would be to include a full set of reference dependency dummies in the health state valuation model. These dummies would capture, for all levels equal to or higher than the respondents' own health in a particular dimension, an increment or decrement in the respondents' latent preference weights. However, this approach effectively doubles the number of parameters in the health state valuation model, whereas the identification of reference dependency requires statistically significant estimates of effects that are a fraction of the standard EQ-5D preference weights (Figure 2 ). Accordingly, this approach would require substantially larger survey sample sizes than typically available.
In contrast, a more feasible and parsimonious test for reference dependency only includes a single additional parameter per EQ-5D dimension. This parameter can capture a common increment or decrement per health state level (i.e., an additive specification) or a common multiplication factor (i.e., a multiplicative specification) as depicted in Figure 2 . Because the overall reference dependency effect is expected to depend on the effect size In option A, preferences for levels 2-5 are all depicted relative to perfect health (i.e., level 1), which readily shows the overall decrement of each level. In option B, preferences for levels 2-5 are depicted relative to the preceding level, which is more convenient in highlighting whether adjacent levels have statistically significantly different decrements. Option B is implemented in this paper of the standard, non-reference dependent health state valuations, the multiplicative specification with dummy coding relative to the previous level is considered more realistic and therefore used in this paper. Note that the exact model specification and details about the estimation procedure are included in Section 2.4.
DCE design
2.2.1. Imposed constraints. In the DCE design used to elicit health state values, preferences are derived using choice tasks that require respondents to choose between living longer in a relatively bad health state or shorter in a relatively good health state. This is an efficient format for obtaining health state preferences and allows for the endogenous scaling of health state preferences on the quality-adjusted life year (QALY) scale (Flynn, 2010) , but it is also relatively complicated for respondents. To reduce the task complexity for respondents and to obtain more informative and reliable trade-offs, two types of constraints are imposed: (i) those that improve the internal consistency of health states and (ii) those that aim to simplify the trade-offs between health states. The constraints that aim to improve the internal consistency of health states ensure that hypothetical health states do not combine zero problems with usual activities (i.e., UA level 1) with extreme problems with pain/discomfort (i.e., PD level 5) and/or extreme problems with anxious or depressed (i.e., AD level 5). These constraints make the health states more realistic and easier for respondents to evaluate. At the same time, the number of constraints is deliberately minimized to avoid too much reduction in the statistical power of the DCE design. The constraints aimed at simplifying the trade-off between health states constitute a choice format referred to as 'matched pairwise choice tasks'. First, all choice tasks are restricted to pairwise comparisons rather than more efficient (and more complex) comparisons between several health states simultaneously. Second, all choice tasks are constrained to not simultaneously contain a comparison between different impaired health states and varying lengths of life. These are replaced by two types of choice tasks: (i) pairwise comparisons between impaired health states with equal length of life and (b) pairwise comparisons between a shorter length of life in perfect health and a longer length of life with impaired health. Third, both types of pairwise comparisons are linked together by imposing that one of the impaired health states in the first comparison is equal to the impaired health state in the second comparison (Figure 3 ). This takes advantage of the respondents' familiarity with a given choice set to include an additional discrete choice task with perfect health at very limited additional effort. Fourth, three of the five EQ-5D attributes are constrained to having the same value (cf. Maddala et al., 2003; Louviere et al., 2008) . This attribute level overlap implies that respondents can focus on the direct trade-off between the other health state attributes. Finally, the quantity of life in the choice tasks is restricted to 10 years for the pairwise comparisons with equal length of life, and some smaller value for the perfect health state. The latter is restricted to integer values (i.e., whole years) or 1, 3, 6, 9, or 18 months when smaller than 2 years. . Option B is implemented in this paper. In both options, the effect of reference dependency is depicted in gray and taken as a proportion of the overall health state decrements. This allows the overall effect of reference dependency to be larger in level 5 than, for example, in levels 2 or 3. The black preferences are for those whose own health is equal to or worse than the health state levels under evaluation, whereas the combined areas (i.e., gray and black surfaces) depict the preferences of respondents whose own health is better than the respective health state levels 2.2.2. Visual presentation. Figure 3 shows how the matched pairwise choice tasks were presented to the survey respondents. In the first choice task, respondents are asked to indicate which option (A or B) they prefer. As explained, the remaining life expectancy is 10 years for both health states. Accordingly, the choice between A and B is only determined by the relative attractiveness of the health state attribute levels. In the second 'matched' choice task, respondents are again asked to indicate which option (B or C) they prefer. Option B is always the same as in the first choice task, and option C always represents perfect health with a shorter remaining life expectancy.
The visual format of the matched pairwise choice tasks is used to further clarify the trade-offs for respondents: the non-active choice option is blurred, black lines are used to indicate the active choice options, and check boxes are only placed below the options that respondents can actually select. Furthermore, to allow respondents to already consider the trade-off between options B and C when evaluating the differences between options A and B, the quantity of life attribute of option C is not blurred in the first pairwise choice task. The same effect is achieved in a paper-and-pencil questionnaire by depicting both choice tasks one above the other on a single page, as in Figure 3 . Additionally, color coding is used to aid respondents in comparing the differences between health states. A 'color blind' coding system is used, which is based on different shades of purple to denote the various attribute levels. This color coding system is specifically optimized to signal differences in the attribute levels for individuals with red-green color blindness (the most prevalent form of color blindness) while keeping the text readable for respondents who suffer from other forms of color blindness. Also, respondents randomly received the survey either in the standard color coding or in reverse color-coding order, as shown in Figure 3 . 2.2.3. Efficient design generation. To be able to implement the imposed constraints on the DCE choice tasks while ensuring sufficient statistical efficiency, the DCE design has been constructed using efficient design algorithms. These algorithms improve upon the efficiency of orthogonal design algorithms by taking prior information about average respondents' preferences into account. This prior information was obtained from a pilot study of Bansback et al. (2010) .
To account for uncertainty in the priors and to avoid a locally optimal design that (rapidly) loses efficiency when the implemented priors deviate from the true population preferences, the DCE design was created using a custom-programmed Bayesian algorithm. Bayesian design optimization algorithms are computationally more demanding but superior in handling uncertainty in the priors (e.g., Sándor and Wedel, 2001) . Given the large number of parameters in the EQ-5D design, a substantial number of draws from the prior parameter distributions are required to differentiate reliably between efficiencies of alternative designs. A Latin hypercube sample of 2500 draws, optimized by maximizing the minimum distance between points using the genetic algorithm as described by Stocki (2005) , was used in the optimizations.
Further robustness was introduced by simultaneously optimizing eight different DCE sub-designs. As shown by Sándor and Wedel (2005) , the implementation of a heterogeneous DCE design comes at no additional cost to respondents because each individual respondent receives randomly only one of the possible sub-designs. However, the use of several sub-designs significantly increases the robustness and efficiency of the overall DCE design, particularly when the true population preferences are uncertain and the number of attributes and attribute levels increases. The intuition behind this is simple: by spreading the attribute levels optimally not only within subjects, as is performed in homogeneous designs, but also across subjects, as is performed in heterogeneous DCE designs, the increased variation in the choice tasks enables the variation in the dependent variable to be captured more effectively. However, the individual-level efficiency is considered more important than the combined (i.e., population) efficiency, especially when measuring reference dependency at the individual level. Accordingly, the design optimization was based on the minimization of the weighted average Bayesian D-efficiency for 12 matched pairwise choice tasks (i.e., 24 choice tasks) per respondent with one-third of the weight assigned to the population efficiency and two-thirds of the weight assigned to the individual efficiencies of the sub-designs.
Given the large number of parameters, the inclusion of eight sub-designs, and the large number of draws to evaluate the Bayesian distributions, the DCE design was optimized for the standard multinomial logit model. This model is less computationally demanding to optimize for, and evidence from Bliemer and Rose (2010) indicates that DCE designs that are optimized for the multinomial logit model also perform well for estimating panel mixed logit (MIXL) models. The DCE design optimizations were programmed in MATLAB. Following Sándor and Wedel (2005) , a so-called greedy approach was used to optimize the design wherein the simultaneous optimization of the eight sub-designs and quantity and quality of life interactions is replaced with a sequence of partial optimizations, each of which is considerably faster than the simultaneous optimization. In our implementation, the optimization alternated between a row-based algorithm that randomly replaced health state comparisons in one of the eight sub-designs while adhering to the constraints as described in Section 2.2.1 and a column-based algorithm that optimized the trade-off between quality and quantity of life in each sub-design by looping over all possible durations of life.
Survey administration
The DCE survey has been administered in two separate waves. To obtain the first sample, the DCE survey was administered as an online questionnaire to 436 respondents from the Longitudinal Internet Studies for the Social Sciences (LISS) panel as described by Scherpenzeel and Das (2010) . The LISS is a large, nationally representative household panel subsidized by the Dutch government for scientific research. Panel members complete online questionnaires every month for about 15-30 min in total, for which they receive a small financial compensation. To obtain the second sample, the DCE survey was included as an additional paper-andpencil questionnaire administered under supervision by trained interviewers to approximately one-third of the respondents who participated in the official Dutch nationally representative EuroQol EQ-5D valuation study of Versteegh et al. (2016) . Respondents received a small financial compensation for participating in the EQ-5D valuation study, although participation in the ex post paper-and-pencil DCE study was voluntary and could be declined without effect on the payment.
The online and paper-and-pencil surveys were similarly structured. In both samples, the survey was first briefly introduced. In the online survey, the introduction was followed by a self-rating question in which respondents were asked to rate their current health in terms of the EQ-5D health dimensions. This procedure familiarized the online respondents with the format of the EQ-5D health states that are used in the DCE questions and resulted in the health state measurements needed for the reference dependency evaluation. In the paperand-pencil survey, the self-rating question was omitted because it was already included in the official EQ-5D valuation protocol. Next, both surveys included two warm-up questions that carefully explained the layout and the required trade-offs for the DCE duration questions. Then, the actual design of 12 matched pairwise choice tasks was shown, resulting in a total of 24 pairwise comparisons for each respondent.
Statistical analyses
To estimate EQ-5D health state preferences, a standard MIXL specification was used. In the model without reference dependency, the utility specification is defined as the product of the quantity and quality of life. More specifically, the utility for alternative a in choice task t for respondent i is modeled as the product of the health state characteristics (X ita ) and health state preference parameters (β i ) multiplied by the number of life years T of each health state alternative:
with the error term ε ita assumed independent and identically distributed (i.i.d.) with an extreme value distribution. This specification implies proportional time preferences and zero utility for health states with zero length of life, which anchors death at 0 on the latent utility scale. Also, conform standard MIXL assumptions, the respondent-specific β-parameters are assumed multivariate normal distributed with a common population mean μ and covariance matrix Σ:
This allows for the measurement of average population health state preferences (μ) while accounting for preference heterogeneity. Finally, with the health state characteristics dummy coded and with the best levels used as reference categories, the model's intercept captures the utility of perfect health and defines the highest possible utility for the included EQ-5D health states. This accommodates the calculation of standardized health state decrements on the QALY scale by dividing all elements in the vector μ by the intercept, that is, the first element of μ. These transformed estimates are health state decrements on a QALY scale that is anchored at 0 (death) and 1 (perfect health) and can be directly compared across different samples and model specifications.
In the model with reference dependency, the utility function is slightly expanded to incorporate an additional set of dummy variables Z itaj . These dummy variables indicate for each of the corresponding X itaj variables whether the health state levels in the choice tasks are lower than the respondents' self-assessed health state level (i.e., 0) or equal to or higher than the respondents' health state level (i.e., 1). The reference dependent utility decrement for a health state attribute level, which we denote by β* ij , is then given by β ij (1+ Z itaj γ j ), with γ j denoting the reference dependency scaling factor for the EQ-5D dimension of attribute-level j. Note that γ j is the same for all attribute levels of a given EQ-5D dimension, but allowed to be different across EQ-5D dimensions. The reference dependency model is then defined as:
with the error term ε ita still i.i.d. extreme value. This specification is identical to the standard MIXL specification in equation 1 when the reference dependency dummies are 0, or it involves the scaling of the β i -parameters with a EQ-5D dimension-specific scaling factor when some of the reference dependency dummies are 1.
The models with and without reference dependency are programmed in the BUGS language and estimated in OpenBUGS using Bayesian Markov chain Monte Carlo (MCMC) methods. This entails selecting prior distributions for the unknown parameters and updating these via the likelihood of the observed data. Uninformative multivariate normal priors (i.e., with a mean of zero and standard deviation of 10) were assigned to μ and γ and a Wishart prior with an identity scale matrix and 21 degrees of freedom to Σ. Standard Gibbs update steps were used to update μ and Σ, and a Metropolis-within-Gibbs update step was implemented in the OpenBUGS software to reliably update γ and β using directional antithetic sampling, as described by Bai (2009) and Bédard et al. (2014) . All estimations used 15,000 MCMC iterations to let the chains converge from divergent starting points and 30,000 MCMC iterations (with a thinning of 10) to reliably approximate the mean of the posterior distributions on the latent and QALY scale. Convergence was evaluated based on a visual inspection of the chains and the full set of convergence diagnostics as implemented in the R CODA package (Plummer et al., 2006) .
RESULTS
In the online sample, 636 panel members aged 16 years and older were invited to participate in the survey; 430 completed the survey (69%), 6 dropped out during the survey (1%), and 30% did not respond. In the paper-and-pencil study, 371 participants of the Dutch EQ-5D valuation study were administered the additional DCE duration survey questions after having completed the main valuation study. Of these 371 respondents, nine (2%) omitted one or more DCE questions and four respondents had missing health state information (<1%), resulting in a net sample of 358 respondents. Table II contains descriptive statistics and Table III an overview of the respondents' self-rated health state in the online, paper, and combined survey sample in terms of the EQ-5D health state dimensions and levels. With both samples nationally representative in terms of age, sex, and education, the observed distribution of health states is very similar. As can also be seen, the combined sample is relatively small with few respondents in the worst health state levels of the EQ-5D dimensions. This is particularly noticeable in the self-care dimension, in which more than 95% of the respondents report zero problems with self-care, and provides an important rationale to combine the paper and online samples.
Prior to combining the online and paper-based survey samples, their respective EQ-5D estimates on the latent utility and QALY scale are shown in Table IV . First, all estimates are statistically significant, as indicated by the 95% credible intervals that do not contain 0. Second, all estimates are logically consistent with a clear monotonic order of the attribute levels, which is indicated by the consistently negative estimates that capture decrements relative to the preceding health state levels. Third, even though there is no guarantee that the estimates of both samples are directly comparable on the latent utility scale, the Bayesian 95% credible intervals of the corresponding parameters already show considerable overlap. As mentioned, the theoretically correct comparison between both samples is on the QALY scale. Only two parameters differ in magnitude on the QALY scale (i.e., those of the most severe levels of the mobility and self-care domains), whereas the other parameters have overlapping 95% credible intervals. Based on these results and the sensitivity analysis presented in the Supporting Information, both samples are safely pooled for the reference dependency analysis. Table V contains the EQ-5D estimation results for the combined sample. Starting with the results of the specification that does not take reference dependency into account, the estimates in Table V are very similar to those presented in Table IV . As before, all estimates are logically consistent with the same clearly monotonic order of the attribute levels, and the estimations have sufficient statistical power to differentiate between the EQ-5D levels. Turning to the results of the specification that takes reference dependency into account, all reference dependency estimates are negative; this indicates that respondents who currently experience an impaired health state level assign less disutility to this level than respondents who currently experience a better health state level. Furthermore, all reference dependency estimates are statistically significant, that is, have 95% credible intervals that do not contain 0. Hence, we find clear evidence that respondents value EQ-5D health state levels below their own health differently than those equal to or higher than their own health state level. The observed difference is approximately 30%, with somewhat different estimates for the various EQ-5D health state dimensions. However, the accompanying Bayesian 95% credible intervals overlap and show little evidence that the reference dependency effect varies by dimension. γ Mobility n/a À0.24 (À0.38, À0.08) n/a n/a γ Self-care n/a À0.45 (À0.80, À0.04) n/a n/a γ Usual activities n/a À0.25 (À0.39, À0.09) n/a n/a γ Pain/discomfort n/a À0.34 (À0.44, À0.23) n/a n/a γ Anxiety/depression n/a À0.31 (À0.45, À0.14) n/a n/a 4. DISCUSSION
Hypotheses
Reference dependency in health state valuations refers to the tendency of respondents in valuation surveys to take their own health state into account when valuing health states. Using a combined sample of 788 respondents who completed a DCE duration valuation study for the Dutch EQ-5D-5L, we found clear evidence of reference dependency: respondents with impaired health lower than or equal to the health state levels under evaluation were estimated to have, on average, approximately 30% smaller health state decrements. This confirms our hypothesis that reference dependency can be observed in a random sample from the general population, although it should be noted that the estimate for the EQ-5D 'self-care' dimension is relatively imprecise because of the vast majority of respondents without any impairment in this particular dimension (i.e., 96%; Table III ). Despite the evidence of reference dependency, we found no support for our second hypothesis, namely, that correcting for respondents' own health results in a social tariff with more severe health state decrements. Instead, we found that the health state decrements before and after the reference dependency correction are almost identical. There are some minor differences for the EQ-5D 'usual activities' and 'pain/discomfort' dimensions, but these are well within the Bayesian 95% credible intervals of the estimates. Accordingly, we conclude that reference dependency does not bias the QALY estimates and that a general population sample can be considered as a reliable proxy for health state valuations by a sample of healthy respondents. The finding that social values are hardly affected by reference dependency, in spite of the latter's large effect on the individual-level estimates, is somewhat surprising. Possibly, this result is contingent upon the use of a MIXL model, which already accommodates general respondent heterogeneity. The subsequent inclusion of reference dependency, which identifies a systematic part of the general preference heterogeneity, then does not alter the choice model outcomes. Hence, it is not guaranteed that the same results would have been obtained if a standard conditional logit model (which does not accommodate respondent heterogeneity) would have been used. However, because the i.i.d. assumption is not met, this model should not be used for a standard health state valuation model anyway (Train, 2003, pp. 52-53) as it can result in biased estimates.
Strengths and weaknesses
The presented analyses have at least two important limitations. The first limitation is that the presented analyses are based on a random sample from the general population that contains relatively few respondents with impaired health states. The latter implies that the reference dependency estimates are predominantly based on reference dependency in mild health states. Indeed, with a larger sample and with more respondents with impaired health states, the reference dependency estimates would have been more reliable. Furthermore, it would have been possible to determine whether reference dependency actually differs by EQ-5D dimension, which was not possible with the current sample. With a larger sample, it would also have been possible to accommodate interactions and nonlinear reference dependency (e.g., by allowing for stronger effects for more severe EQ-5D levels), which provides an interesting specification that was also beyond the scope of the available sample. The second important limitation is that the presented reference dependency estimates are solely based on respondents' current health status, which ignores the potential impact of respondents' past experiences and the health experience of people in respondents' direct vicinity (e.g., friends and relatives). Previous research based on visual analog scale measurements has determined that it is current health and not past experiences with impaired health states that have an effect on health state valuations (Dolan, 1996) . Still, further research is required to establish whether these findings also hold for health state evaluations using DCEs.
Our analyses also have some important strengths, which are highlighted by the fact that evidence of reference dependency in health state valuations is actually found. First, a very efficient design is required to obtain sufficient statistical power to discriminate between the levels of the EQ-5D instrument. Existing valuation studies often have insufficient power to discriminate between adjacent health state levels (although this is often masked by only reporting statistical significance relative to perfect health rather than the preceding), which makes it impossible to identify an effect that is even smaller and modeled as a fraction of the difference between adjacent levels. Second, to separate reference dependency from other sources of respondent heterogeneity, a substantial amount of information for individual respondents is required. In the implemented matched pairwise DCE design, all EQ-5D parameters are identified at the individual level (i.e., information about all parameters is obtained for each respondent), and the heterogeneous Bayesian optimization procedure ensures a highly efficient DCE design at capturing respondent heterogeneity. In contrast, existing DCE valuation studies often use homogeneous designs and are based on fewer choice tasks per respondent and/or on the blocking of a single larger design (Oppe et al., 2014; Bansback et al., 2014; Norman et al., 2013) . The same issues are present in health state valuation studies based upon different valuation techniques, such as TTO and SG (e.g., Lamers et al., 2006) .
Implications
The presented results contribute towards an improved understanding of the differences between population subgroups in their valuation of health states. As shown, health state values are better described by models that include reference dependency than by standard expected utility models that overlook the relation between respondents' current health and their health state valuations. Interestingly, the practical implications of our findings depend on the position that one takes in the debate about whose values count. If health state values should reflect actually experienced health state conditions, the presented results imply a major shift in health state utility weights, which involves a significant reduction in health state decrements and in turn affects priority decisions based on QALY estimates -very similar to using patient values.
In most jurisdictions, however, social health state values are preferred. Irrespective of the reason why social values are requested (for democratic reasons, from an insurance perspective, or the Gold et al., 1996 'veil of ignorance' argument), our study supports the current practice of using average population preferences derived from a sample from the general population, even when a sample of healthy respondents would have been preferred based on theoretical grounds. The latter is an important implication because, for example, Gold et al. (1996) and Brazier et al. (2007) argue, based on opposing theoretical arguments, that one sampling strategy should be preferable to the other. In contrast, the results presented in this paper clearly show that both strategies result in empirically indistinguishable tariffs, even though we can confirm that the sampling strategies themselves are quite different. Indeed, one would need to drop almost half (42%) of our combined general population sample to obtain a sub-sample of strictly healthy respondents.
An avenue for future research might involve investigating to what extent reference dependency explains the differences between patient values and social values. If the main difference between patients and a general population sample is their reference point, a desire to obtain experienced-based health state values (as expressed, for example, in Sweden) may not necessitate the involvement of patient samples. Instead, we hypothesize that a reference dependent QALY tariff that closely resembles patients' preferences can be derived from a general population sample, provided that the health states are described in generic terms and a sufficient number of respondents with impaired health are included.
Yet another interesting avenue for future research would be to determine the extent to which nonlinear time preferences (e.g., Doyle, 2013) , interactions between EQ-5D attributes and levels (e.g., Stolk et al., 2010) , and the framing of the DCE tasks (e.g., Dolan et al., 2003) have an impact on the presented results. In all of these cases, an efficient DCE design, such as the matched pairwise choice tasks as implemented in this paper, would be an important methodological consideration.
To conclude, the current paper quantified the effect of reference dependency on health state values and promoted understanding of how health state values differ between population subgroups. Strong reference dependence was found, suggesting substantial differences between healthy and unhealthy individuals. However, as a result of the low incidence of bad health states in the general population and the MIXL methodology that already accounts for general heterogeneity in preferences, we find that health state valuations from the general public and those from strictly healthy respondents result in indistinguishable QALY tariffs.
